Time-of-flight (ToF) camera technology provides a real-time depth map of a scene with adequate frequency for the monitoring of physiological patient motion. However, dynamic surface motion estimation using a ToF camera is limited by issues such as the raw measurement accuracy and the absence of fixed anatomical landmarks. In this work we propose to overcome these limitations using surface modeling through B-splines. This approach was assessed in terms of both motion estimation accuracy and associated variability improvements using acquisitions of an anthropomorphic surface phantom for a range of observation distances (0.6-1.4 m). In addition, feasibility was demonstrated on patient acquisitions. Using the proposed B-spline modeling, the mean motion estimation error and associated repeatability with respect to the raw measurements decreased by a factor of 3. Significant correlation was found between patients' surfaces motion extracted using the proposed B-spline approach applied to the ToF data and the one extracted from synchronized 4D-CT acquisitions as the ground truth. ToF cameras represent a promising alternative for contact-less patient surface monitoring for respiratory motion synchronization or modeling in imaging and/or radiotherapy applications.
addition, the uncertainties resulting from breathing hinder the localization of internal structures in these body regions, and are still today a major limitation in external beam radiotherapy treatment planning and delivery. Variable levels of motion have been reported for different organs affected by respiration. Studies have shown that the magnitude of displacements of the lungs' lower regions is significantly larger than the ones of the upper regions (5 ± 2 cm versus 0.9 ± 0.4 cm) (Plathow et al 2004) . At the level of the abdomen, the largest movements are observed along the cranio-caudial direction for pancreas and liver (23 ± 15.9 mm and 24.4 ± 16.4 mm, respectively) and even the smallest displacements affecting the kidneys reach 17 ± 7 mm (Bussels et al 2003) . Respiratory gating techniques have been introduced to reduce the respiratory motion impact thanks to monitoring a patient's breathing in order to synchronize the image acquisition process (Nehmeh et al 2004) or the radiotherapy beam delivery (Kubo and Hill 1996) with the respiration. Within the context of such synchronization, different approaches and associated technologies have been proposed for monitoring a patient's respiratory motion, such as for example passive infrared reflective markers placed on the patient's torso (Mageras et al 2001 , Wagman et al 2003 , pressure-sensitive belts (Bundschuh et al 2007) or electromagnetic markers (Smith et al 2009) .
While respiratory gating may be used to reduce the impact of motion, an alternative approach involves the prediction of internal organ motion through the use of external motion tracking. Several studies have indicated that external one-dimensional (1D) surrogate measures of respiratory motion may correlate with internal structures' and tumor motion (Tsunashima et al 2004 , Beddar et al 2007 , Kanoulas et al 2007 . However, such a 1D and spatially restricted respiratory signal may be insufficient for the prediction of internal organ motion, considering the variability in individual patient anatomy and specific motion, in combination with the different magnitudes of displacement associated with different regions of a patients' external surface. The motion of the patient's surface during a complete respiratory cycle can reach 10 mm (respectively, 3 mm) in the antero-posterior direction and 3 mm (respectively, 2 mm) in the cranio-caudal direction in the abdominal (respectively, thoracic) area. It has been suggested that the position of the external surrogates and the acquisition protocol used can increase or decrease the observed internal-external correlation in an arbitrary fashion (Wu et al 2008) .
In order to minimize such issues and overcome the observed variability, a complete patient surface motion characterization could allow the extraction of complementary information compared to a restrictive 1D respiratory signal. A few techniques allow the observation of a patient surface such as the use of structured light (Chen et al 2010) or stereoscopic methods (Vasquez et al 2009) . In recent studies Spadea et al (2011) and Kauweloa et al (2012) used a structured light system (GateCT TM , VisionRT, London, UK) for respiratory sensing and 4D-CT reconstruction. In these works a 1D respiratory signal extracted in a 20 × 20 mm 2 patient surface area was used for the 4D-CT respiratory motion synchronization. The fastest rate that has been reported for the entire surface capture using this technology is 1-1.7 frames per second (Peng et al 2010) and limited by the computational complexity of the correspondence search algorithm. More recently, Price et al (2012) have shown that the use of fast structured light surface system technology may be able to provide overall surface information with rates up to 23 Hz, albeit with an added complexity of a cumbersome calibration protocol. In addition, in this work only the accuracy of a static surface capture was assessed, while the dynamic information was only extracted using an ICP rigid body transformation which was not performed in real time.
An alternative technology recently developed is a 3D camera based on time-of-flight (ToF) technology. Such a camera provides a 3D distance map of a scene, thanks to the emission of light in the near infrared range, which actively illuminates the scene, followed by the capture of the reflected light (Oggier et al 2004) . This technology offers certain advantages compared to other surface observation techniques, allowing the monitoring of the whole patient surface sufficiently rapidly for real-time respiratory motion tracking and this without the need of any complicated calibration steps. The complete surface can be described by more than 25 000 3D points for each frame at an associated frame acquisition rate of up to 30 Hz. To date, the main applications for this technology have been in the detection of intrusion (Guomundsson et al 2008) , driving assistance (Hsu et al 2006) or graphic-related applications (Kolb et al 2010) . Previous attempts to use a ToF camera for respiratory motion monitoring have been restricted to evaluating the potential of such technology to provide 1D respiratory motion signals compared to those obtained with a pressure belt (Falie et al 2008 , Penne et al 2008 .
Recently, the use of patient surface motion has been proposed for the development of intrapatient respiratory motion models and/or the personalization of a generic respiratory motion model that can be subsequently used either in 4D imaging or 4D therapy delivery applications . This study demonstrated that the use of complete surface characterization allows for improved accuracy in modeling patient-specific respiratory motion compared to the use of a 1D external respiratory signal. However, such an approach is clearly dependent on the availability of technology and associated surface modeling methodology capable of following patient surface changes as a function of intra-patient respiratory motion. Before the potential of the camera ToF technology can be realized within the context of interest, it is important to assess its accuracy in measuring patient surface displacements in real time. The real-time aspect is important for the eventual targeted applications such as for example respiratory motion management during radiotherapy treatment. A ToF camera provides a 3D point cloud describing the observed surface for each frame acquisition. During a dynamic acquisition, these successive 3D point clouds need to be associated with each other before they can be used to characterize and quantify the motion of a complete patient's surface. Such an association of the different time frames is complicated by the lack of anatomical landmarks in the measured patient surfaces. The main objective of this study was therefore to characterize the ToF camera performance improvement in measuring complete patient surface motion in real time using B-Spline modeling applied to the ToF raw data. The use of the B-Spline modeling approach for the surface motion extraction in real time is justified by the computational costs associated with surface motion extraction methods using deformable registration (Schaerer et al 2012) .
The proposed approach was first validated regarding its accuracy and repeatability using acquisitions of an anthropomorphic torso phantom. The feasibility and potential impact of characterizing patients' entire external surfaces motion using the proposed technology and presented methodology was also investigated. This was carried out by comparing (a) the respiratory motion signals derived from the raw surface measurements, (b) the motion of different surface regions of interest (ROIs) extracted from skin segmentation on patient 4D-CT images with the motion characterized by the proposed approach on the same patient surface regions and (c) the use of the modeled camera surfaces relative to motion 1D amplitude information for the construction of a patient-specific motion model.
Materials and methods

ToF camera
The ToF camera provides a 3D distance map of a scene, based on the emission of light in the near infrared range (see figure 1) . Each pixel of the CCD measures the light reflected by the illuminated object. The distance between the camera and the point of reflection can be deduced by a simple computation of the phase difference between the incoming light and 
where c is the speed of light and f is the modulation frequency. The physical characteristics of the SwissRanger © 4000 camera used in this work are given in table 1 (SR4000 User's manual 2012). This camera has several practical advantages, being fast (30 Hz maximum rate), portable and light, allowing for a surface observation within a large range of distance and frequency. According to the manufacturer's specification, the nominal accuracy decreases linearly between 0.3 and 1 m of the distance between the camera and the object (∼1% of the distance) and becomes stable at 1 cm for distances > 1 m. However, various processing schemes, such as filtering or averaging techniques, can be used to improve this accuracy. The acquisition rate depends on the integration time and can be tuned up to 30 Hz and the camera also offers an automatic exposure optimization to avoid saturation effects. Its angular resolution allows a field of view corresponding to a target area of ∼60 × 45 cm 2 at a distance of 80 cm, with a 3D point cloud (maximum of 25 000 points) describing the scene (∼3 × 3 mm 2 'pixel' size). In this study, all acquisitions were performed with the highest modulation frequency (31 MHz) in order to provide the finest measurement possible. The acquisition frequency was 2 Hz for phantom experiments, constrained by the automatic exposure mode. For patient acquisitions, we restricted the acquisition frequency to 10 Hz in order to provide an efficient binning (Brandner et al 2006 , Dawood et al 2009 . Since the respiratory cycle was divided in 22 bins, and a respiratory cycle is usually longer than 2 s, we considered 10 Hz as a good compromise between temporal sampling and exposure time length. Although multiple noise reduction acquisition modes are made available by the manufacturer, only default settings were used in this work.
Extraction of 3D motion vectors
The raw data points provided by the ToF camera are directly computed from the phase difference of the reflected light (see section 2.1). It is composed of 25 344 3D points (corresponding to the number of pixels in the CCD detector) describing illuminated surfaces on the camera's observation scene. The surfaces defined by the camera ToF acquired raw data points were modeled using a scattered data interpolation. Given a set P i = (x i , y i ), (i = 1, . . . , n) of n irregularly distributed points over R 2 , and scalar values F i associated with each point, satisfying F i = F(x i, y i ) for some underlying function F(x, y), an interpolating function F * ≈ F (x, y) such that for i = 1, . . . , n is determined using equation (2).
Contrary to a homogeneous grid of points, the use of scattered data points does not allow easy and fast spatial averaging and filtering. It also provides locally non-homogeneous information along the surface. These issues associated with a grid of non-regular points were resolved by using a surface modeling through B-splines. The resulting B-spline function interpolating the scattered data can be considered as F * in equation (2). The resulting function is considered as a piecewise union of splines and the generated control points form a grid of regular 3D points with resolution and position chosen by the user (see figure 2) .
The complete motion of a surface during time can be characterized by the control points' motion through the successive frames. The first step in this process is the transformation of the camera's spatial reference frame to that of the examination table (see figure 3(a)). The examination table reference frame is determined by its associated plane and an arbitrarily positioned origin. Hence by comparing the displacement of the patient's external surface relative to the table reference (e.g. through the comparison of the successive surfaces' depth variations), the motion of the observed surface can be determined as the motion of the control points relative to the same reference, namely the examination table reference frame (see figure 3(b)).
Given two sets B i,j = (x i,j , y i,j ) and B i,j+1 = (x i,j+1 , y i,j+1 ) of n regularly distributed points over R 2 describing the same surface at consecutive time points j and j + 1, and scalar values F i,j and F i,j+1 associated with each point, the extraction of n regularly distributed 1D motion vectors between the two B-spline models associated with each set can be computed using
The number of points can be tuned by setting the resolution of the control grid and/or the application of spatial and temporal averaging. The algorithm is based on the work of Lee et al (1997) and makes use of a 'coarse-to-fine' hierarchy of control lattices in order to finally describe the interpolation function as a sum of bi-cubic B-spline functions. The algorithm applies B-spline refinement to the control lattice hierarchy to improve computational time allowing for real-time data processing. In this work, the control point grid for the B-spline modeling was fixed at a 1 cm resolution in x and y directions, in order to ensure that each B-spline grid control point is influenced by multiple measured points. The algorithm described in this work is suitable for parallelization because the contribution of each measurement point to the B-spline functions is computed independently of the other measurement points. Therefore in multi-core architectures, each core handles a subset of measurement points in parallel to compute the subset contribution, while all values are gathered to the main CPU in order to update the final B-spline function. While the non-parallel version of the algorithm required 200 ms for the proposed surface modeling running on an AMD Athlon TM 64 X2 dual core processor, the same algorithm running in a multi-thread fashion on an Intel Core 2 Quad 3 GHz processor leads to an execution time of 70 ms.
Experimental setup and evaluation metrics
The first part of this study aimed at quantifying the improvement of both motion estimation accuracy and repeatability using the B-spline modeling over the use of ToF camera raw measurements. The performance of the ToF camera was investigated through acquisitions carried out using a rigid anthropomorphic surface phantom. Although it allows only rigid motion and its reflectivity is not exactly the same as human skin, the shape of the phantom surface allows realistic observation conditions for the purpose of accuracy and repeatability assessment. Measurements were performed without any motion and with a regular 2 cm translational motion for the repeatability and the relative accuracy of the motion estimation and angularity study, respectively. The motion was performed with the torso phantom placed on a linear actuator capable of generating the specified motion with a guaranteed positioning repeatability of ± 0.02 mm. The camera acquisitions were carried out in real time with a 2 Hz acquisition rate (see section 2.1). Different distances (0.6-1.4 m) and angles (0
• , 35
• and 45
• ) between the camera and the observed surface motion were considered in the evaluation. Observations at different angles were included to evaluate the motion estimation accuracy performance when the camera cannot be placed directly in front of the patient, for example when different radiotherapy or imaging system architectures do not allow it.
A last experiment was performed in order to measure the motion estimation accuracy in the different directions that the proposed surface modeling with B-spline functions allows. Intuitively following a single control point on the modeled surface will allow the detection of motion only along the ToF camera's z-axis. However considering the control point modeling, the entire surface or parts of it should allow recovering the motion in all directions. The anthropomorphic phantom was mounted on two linear actuators allowing an elliptical motion in the x-y plane (major and minor axes of 5 and 3 cm, respectively) and surfaces at eight potions along this path were captured. A feature on the anthropomorphic phantom corresponding to the left pectoral summit was identified, and extracted at each of the eight observed surfaces, by measuring the gradients between the four neighboring control points covering this region. The location of this feature was then compared to the theoretical motion provided by the linear actuators.
On the one hand, the motion estimation accuracy was assessed by measuring the error in quantifying the motion difference between each acquired surface frame and the one considered as the reference in clinically realistic amplitude motion conditions. On the other hand, the repeatability of the motion estimation was assessed by quantifying the variability with which the motion can be estimated under constant motion conditions. For this purpose, a static surface was observed 1000 times and the nonexistent motion was estimated for each pair of consecutive observations. As the real motion was null (since the surface was static), the actual measured surface displacement constitutes a quantification of the motion estimation error as well as the achievable repeatability of this measure. The results were produced for three types of data. The raw measurement points (dataset A), the control points associated with the surface B-spline modeling (dataset B) and dataset B with additional spatial Gaussian filtering applied to the control points (dataset C). The minimum applicable Gaussian filtering of 3 × 3 was used throughout this work. This filtering was applied considering each control point of the B-spline surface and its eight neighbors. On the one hand, we emphasize that only datasets B and C were considered in the motion estimation accuracy measurements when actual motion was generated, since an explicit relationship between raw measurement points (dataset A) associated with successive frames does not exist without the proposed surface B-spline modeling (see section 2.2). On the other hand, the repeatability can also be assessed with raw measurements (dataset A) since the surface is not moving and it is therefore possible to associate raw measurement points of each successive frame acquisition to a spatial coordinate. Whiskers' plots were used (MedCalc TM software, Belgium) to represent the mean motion estimation error along the entire surface, quantifying the homogeneity of this estimation along the surface. Finally, we also analyzed the distribution of motion estimation at a single point level. This local assessment is provided by the median error considering all control points.
Clinical feasibility study
The second part of this study investigated the correlation between a patient's surface motion during a respiratory cycle extracted from 4D CT and the one characterized from B-splines modeled from the ToF acquisitions. The investigation was carried out on three non-small cell lung cancer patients who underwent a 4D-CT examination. In this study, 4D-CT acquisitions were carried out on a Sensation Open 4D-CT scanner (Siemens Healthcare, Germany). Each slice covers 3 mm in depth with a voxel size of 0.83 × 0.83 × 3 mm 3 . During data reconstruction, amplitude binning was performed using the external respiratory signal provided by an Anzai© pressure belt attached above the navel. For the current clinical investigations, the camera is placed at the back of the CT gantry at ∼1.8 m from the floor mounted on a tripod which allows monitoring the surface of the patient lying on the scanner's bed (see figure 3(c) ). The camera does not need to be placed in the same exact location during different patient acquisitions since a transformation is used during each acquisition in order to relate the reference frame of the camera to that of the examination table (see section 2.2). ToF acquisitions of the patient external surface were carried out during the 4D-CT exam at a 10 Hz frequency (see section 2.1).
Despite the availability of the entire patient surface, the ToF surface acquisitions were analyzed to extract respiratory motion information considering different surface regions and sizes (see figure 4(a)) in order to provide the level of motion accuracy at different local and regional levels. The motion estimation in all of the different regions considered throughout the patient surface was simultaneously available. The surface regions used were the ones that have been previously shown to provide a good correlation between external surface and internal anatomical structure motion (Fayad et al 2011) . Subsequently, the ToF camera acquisitions were binned in the same way as the 4D-CT acquisitions in order to allow a comparison. A relative 1D respiratory signal was extracted by analyzing the global mean motion of each frame with respect to the first one. The binning was based on the signal amplitude similarly to the 4D-CT binning. Different analyses were subsequently performed using the acquired patient 4D-CT datasets and the corresponding patient surfaces.
The acquired 4D-CT volumes were segmented using a threshold-based segmentation algorithm (Zhou et al 2004) and patient surfaces were extracted (Fayad et al 2011) . Subsequent analyses of the two sets of surfaces were performed using different ROIs. This comparison was focused on the abdominal region where most of the movement was observed (see figure 4(b) ). Several ROIs of different sizes (1 × 1, 2 × 3, 6 × 3, 10 × 3 and 20 × 3 cm 2 ) within this area were considered for subsequent local analysis during this study (see corresponding red, orange, yellow and green ROIs in figure 4(b) ). The 1 × 1 cm 2 ROI is the smallest part of the surface where motion can be analyzed (i.e. the most locally accessible information) considering the density of the B-spline control points used in the surface B-spline modeling. The mean motion of each ROI for a specific amplitude of the respiratory cycle was computed as the mean motion of all surface voxels of the 4D-CT acquisition (and control points, respectively, for the surface modeled from ToF camera raw data) with respect to the position of the initial surface (at the 0% inspiration phase). Finally, for the largest single area considered (20 × 3 cm 2 ), the motion information from ten different ROIs (2 × 3 cm 2 each) covering this same area was also extracted in order to demonstrate the accuracy in motion monitoring considering multiple ROIs across the same patient surface.
Finally, for one of the acquired patient datasets, respiratory motion modeling was carried out based on the previously proposed principal component analysis . This patient-specific respiratory motion model allows a relationship to be derived between the motion of internal structures and that of external surrogate measures. Internal respiratory motion was calculated using B-spline-based deformable registration between the different 4D-CT frames. Two different surrogate measures were considered for the model creation, on one hand the amplitude of the respiratory motion provided by the pressure belt and on the other the B-spline modeled patient surfaces described in this work. In order to assess its impact, different surrogate measures extracted from the modeled surface were used in the evaluation of the respiratory motion model accuracy. Within this context, and in addition to using the entire modeled surface, different ROI sizes (and numbers) placed over the abdominal region and centered on the umbilicus were also considered. The selected ROI placement area was chosen since it was previously shown to provide the best correlation between external surface and internal structure motion (Fayad et al 2011) . The CT volumes predicted by the model using the two different external motion surrogate measures have been subsequently compared to their corresponding acquired CT volumes. A clinical expert was asked to select easily identifiable anatomical landmarks in both the acquired and modeled generated CT images (Sarrut et al 2006 , Fayad et al 2011 . A total of 13 anatomical landmarks, identified throughout the thoracic field covered by the 4D-CT images and previously used in multiple studies assessing the accuracy of deformable image registration, included the right and left apexes, carina, the highest left and right diaphragm positions and the high, low, left and right boundaries of the tumor, covering regions influenced by both large-and small-scale respiratory motion , Van Sörnsen et al 2003 .
The error between each landmark in the reference and the corresponding model generated CT volumes was subsequently calculated, leading to a model error (ME) given by are the x-, y-and z-coordinates, respectively, of the kth landmark in the model generated CT. The ME is in millimeters and n is the number of anatomical landmarks. Figure 5 provides the motion estimation accuracy and repeatability results under static conditions for the datasets A, B and C considering the different observation distances varying from 0.6 to 1.4 m. Using raw measurements (dataset A) to characterize the nonexistent motion led to a mean error rising from 2.7 mm at a distance of 60 cm to between 3.2 and 3.8 mm at 1 m and beyond. The associated repeatability as assessed by the standard deviation was poor, with errors up to more than 6 mm. In contrast, the measurement of the null motion was satisfactory using the proposed modeling (datasets B and C), with a mean error of about 1 mm for all distances considered, and good repeatability with a significantly lower standard deviation. More specifically, using the proposed method with additional spatial filtering (dataset C) led to measurements with no error above 2 mm for the entire range of observation distances. Figure 6(a) provides a quantification of the mean motion measurement error and associated variability obtained from the overall surface analysis. Figure 6 (b) provides the repeatability for a single surface point chosen as the one associated with the median error among the overall surface. Results of both figures 6(a) and (b) were calculated across the 1000 repeated acquisitions of the static surface for an observation distance of 1 m. The mean motion estimation error for all data describing the surface was 3.6 mm for dataset A and 1.2 mm for datasets B and C ( figure 6(a) ). As this figure also demonstrates, 95% of the data points are present within an interval of 5.1 mm for A, 0.5 mm for B and 0.3 mm for C, demonstrating that the B-spline modeling allows for a much more homogeneous motion estimation along the observed surface. The repeatability results associated with the single data point analysis as quantified by the standard deviation were 2.8, 1 and 0.6 mm for datasets A, B and C, respectively, demonstrating much more repeatable motion estimation for the proposed method with additional spatial filtering ( figure 6(b) ).
Results
Phantom experiments
Figures 7(a) and (b) illustrate the motion estimation error of the moving phantom with respect to increasing observation angle at a fixed observation distance of 1 m, considering the B-spline modeled surface control points without filtering (a) and with filtering (b). Regarding dataset B, the mean motion estimation error for the entire surface was fairly stable with increasing angles of incidence (α = 0
• -45 • ). A maximum mean error of 1.2 mm was measured for α = 30
• . After Gaussian filtering, the mean motion estimation error was measured at 0.7 and 1.1 mm for α = 0
• , respectively, with the error never exceeding 2 mm. Regarding the orthogonal motion detection considering the elliptical motion pattern at a characteristic point identified on the anthropomorphic phantom surface, the mean error of displacement estimation at this point was 1.2 ± 0.7 mm for the seven positions relative to the initial one. Figure 8 shows a comparison of the different respiratory signals recovered from the raw surface measurements and the pressure belt for one of the patient acquisitions. As can been seen in figure 8(a) , the respiratory signal corresponding to a single surface pixel, although more noisy, Figure 9 illustrates the resulting motion estimation using the proposed approach (B-spline surface modeling with additional spatial filtering) for the 20 × 3 cm 2 ROI placed in the patients' thoracic region (see figure 4(b) ). This estimation is compared to the 4D-CT motion ground truth as determined from the 4D-CT extracted patient surfaces. Through the 21 phases considered, with phase 1 (0% inspiration) taken as a reference position, the mean difference was 0.22 ± 0.14 mm with a minimum (at 40% inspiration) and maximum (at 80% inspiration) of 0.01 and 0.42 mm, respectively. Results for all three patients are provided in figure 10. Mean error and associated standard deviation with respect to 4D-CT-derived ground truth rose from 0.24 ± 0.13 mm for a ROI of 20 cm width to 0.26 ± 0.19 mm for a smaller ROI of 2 cm. Considering ten 2 × 3 cm 2 ROIs over the same single 20 × 3 cm 2 region, the corresponding error was 0.25 ± 0.1 6 mm. The mean error and associated standard deviation for the smaller ROI of 1 cm 2 considered was 0.38 ± 0.48 mm. The mean correlation coefficients between the two respiratory signals were 0.75, 0.80, 0.83 and 0.88 for the 2 × 3, 6 × 3, 10 × 3 and 20 × 3 cm 2 ROIs, respectively. No significant differences between the patients were observed, with a robust and accurate estimation of the true motion as determined from 4D CT in all patients, with no mean errors above 0.5 mm.
Patient acquisitions
Finally, considering the evaluation of the patient-specific motion model based on the two different surrogate measures, the use of the surface based on the B-spline model resulted in the smaller mean error of 1.5 ± 0.3 mm compared to a mean error of 3.8 ± 0.6 mm for the use of the amplitude information derived from the pressure belt. This error was 3.8 ± 1.2, 3.6 ± 0.9, 3.3 ± 0.5 and 3.2 ± 0.7 mm for a single ROI of 10 × 1, 6 × 2, 2 × 2 and 1 × 1 cm 2 , respectively. This error was reduced to 2.9 ± 0.5 mm when two ROIs of 1 × 1 cm 2 placed over the same region as that covered by the single 2 × 2 cm 2 ROI were used as a surrogate measure.
Discussion
The main objective of this study was to investigate the potential of a ToF camera, in terms of both motion estimation repeatability and accuracy improvement through the use of B-spline surface modeling, within the context of real-time patient surface motion monitoring. Respiratory motion synchronization is a necessary process for both imaging and radiotherapy applications reducing the errors in determining organ and tumor locations resulting from involuntary physiological motion. A large variety of patient respiratory motion monitoring devices is available, largely based on the acquisition of a 1D external respiratory signal. Although a comparison of the performance of the proposed approach using the ToF camera to other surface imaging systems (such as structured light or stereoscopic methods) was outside the scope of this work, the ToF camera technology presents a certain number of intrinsic advantages relative to such devices. First, it is marker-less in the sense that it requires no contact with the patient in comparison to the use of external fiducials, optical or magnetic markers, or pressure belt devices that need to be attached to the patient. Second, it allows monitoring the motion of the patient's complete surface, providing a much larger amount of information than 1D respiratory signal. Finally, relative to other systems capable of monitoring a patient's surface, such as those based on structured light or stereoscopic methods, the system is small, light, relatively inexpensive, does not require a calibration step if the range of observation is nearly stable and is able to monitor the entire surface with a frequency of up to 30 Hz. Tarte et al (2006) showed that the stereoscopic system VisionRT acquires breathing signals with correlation with spirometer of 0.69 and allows distinction between thoracic and abdominal breathing. Chen et al (2010) used colored structured light to measure chest wall motion and estimate respiratory volume with a correlation coefficient R > 0.99 with the pneumotachography estimation. Concerning the ToF camera, the main question for the medical applications targeted remains the achievable accuracy, as this technology is designed for fast depth analysis applications which do not require millimeter accuracy.
Before such a potential can be realized, it is necessary to establish in a real-time fashion the spatial relationship between successive camera ToF captures of the moving object, as well as assessing the achievable accuracy and repeatability of such motion measurements. Therefore, our study focused on determining the performance in terms of repeatability and relative accuracy for this technology with respect to the extraction of patient surface information for the estimation of motion related to respiration when B-spline modeling is applied and used for such motion extraction. A couple of studies have already investigated the use of ToF cameras for patient respiratory motion monitoring. These studies have focused on the correlation between a 1D respiratory signal extracted from the patient surface in comparison with the 1D signal obtained using a pressure belt: correlation coefficients of 0.91 and 0.85 were found for the abdominal and thoracic respiratory signals, respectively (Penne et al 2008) and an error of 1.6 ± 0.2 mm for a plane pseudo-sinusoidal motion observation at 1 m . However, these studies did not investigate the potential of this technology to monitor the complete surface motion, neither did they characterize the associated accuracy and repeatability.
In our study a scheme was first proposed allowing a relationship to be established between successive surface captures provided by a ToF camera, considering the absence of anatomical or physical landmarks. This scheme is based on the use of B-spline modeling of the measured surface. First, the results of our study demonstrate that the use of B-spline based modeling allows surface motion monitoring in real time. Although the computational time necessary for modeling the complete acquired patient surface was 200 ms, considering a parallel implementation of the algorithm reduced this time to 70 ms running on an Intel Core 2 Quad 3 GHz processor. This time may be further reduced by code optimization and eventually implementation on GPUs. This is to be contrasted with a mean time of 10 s reported for patient surface motion extraction methods using deformable registration (Schaerer et al 2012) , which is clearly incompatible with motion management during radiation therapy. On the other hand, the proposed approach allowed a significant improvement on both the motion estimation accuracy and repeatability relative to the raw measurement points. This improvement is substantial with a reduction in the mean motion estimation error from a maximum of 3.8 to 1.3 mm and improved associated repeatability by a factor of ∼3 (from 2.8 to 1 mm) for an observation distance of 1 m. In addition, this improvement was not impaired by increasing the observation distance or angle between the object and the ToF camera (evaluated range between 0.6 and 1.4 m and angles between 0
• and 45 • ). However, the absolute motion measurement error did rise with the observation distance (average increase of 40% for both the raw measured and B-spline modeled surfaces for an increasing observation distance from 0.6 to 1 m). For larger observation distances (up to 1.4 m), both the mean error and associated repeatability were stable. This behavior was expected considering that the nominal accuracy provided by the manufacturer follows a similar pattern (i.e. 1% of the distance before 1 m and constant beyond 1 m). When a 3 × 3 Gaussian filter is applied to the B-spline modeled surfaces, one can observe a motion estimation repeatability improvement for the entire observation distance range, from 22% to 40% for 0.6 and 1.4 m, respectively. Although the impact of the angle of incidence was studied in this work for relative measurements, similar conclusions as Chiabrando et al (2010) can be drawn who claimed that there was no significant variation of the distance measurement precision as α changes. In terms of motion detection in a direction orthogonal to the axis of the camera ToF, the use of an elliptical shape motion in combination with the anthropomorphic phantom revealed a mean error of 1.2 mm with extreme errors approaching 2 mm. It is probable that this precision may worsen when one considers the deformable nature of the patient's surface. This accuracy can be only improved by the use of a deformable registration between the successive patient surfaces. However, such an approach will not allow achieving motion monitoring with a frequency of the order of 10 Hz which was achieved in this work.
In a second part, this study investigated the ability of the ToF camera in estimating a real patient respiratory motion, considering therefore all the complex issues not addressed by the phantom experiments, such as the non-rigid nature of motion, and patient skin specific reflectivity or surface variability. Considering the high correlation coefficients obtained between ToF-extracted and 4D-CT-extracted surface motions, the proposed approach allowed an accurate estimation of the patient external motion in a completely non-invasive way. Quantitatively, an accurate estimation of the patients' external breathing motion was provided by analysis of the synchronized 4D-CT acquisitions. The comparison of the motion estimation for various ROIs of different sizes on the torso to their real motion extracted from the corresponding 4D-CT acquisitions as the ground truth showed significant correlation and a good fit of both respiratory signals with a motion estimation difference <0.5 mm. Considering the different ROIs, results showed only a substantial increase (∼50%) of the mean difference regarding the motion estimation, when using a smaller ROI (1 × 1 cm 2 ) containing 60 times less pixels (i.e. control points) than the largest one. In addition, the associated standard deviation rose from 0.19 to 0.48 mm, which can be explained by a noisier signal in such smaller areas. These results emphasize that it is possible with this technology and the proposed modeling approach to carry out a local analysis of the respiratory signal as the motion of the smallest area (1 × 1 cm 2 ) considered can be accurately characterized with overall errors <1 mm.
Finally, in a single patient the derived motion information using the proposed technology allowed the construction of a more accurate patient-specific motion model. This is in agreement with previously obtained results within the same context using patient external surface motion information derived from patient skin segmentation from acquired 4D-CT images . Relative to the use of the amplitude information from a pressure belt, the surface motion information allowed reducing by over a factor of 2 the mean error in identifying the position of internal structures' motion compared to the acquired 4D-CT images. In addition, we have shown that one can only achieve such substantial improvements in respiratory motion modeling accuracy when considering the use of the entire patient surface based on the proposed B-spline modeling rather than single ROIs placed over a patient's surface. This of course represents a single patient feasibility study and these findings will have to be confirmed in a larger number of patient studies that will be concerned with the evaluation of patient-specific respiratory motion modeling based on external surrogate measures.
Our results suggest a significant potential for the ToF camera technology in combination with the associated modeling approach proposed in this work for real-time respiratory motion monitoring. In addition, the capability offered for local surface motion characterization is clearly an important factor in obtaining an improved correlation between external surface motion with internal organ and tumor motion (Fayad et al 2011) . The obtained accuracy should be adequate for the purpose of monitoring patient motion in clinical applications such as respiratory synchronization in both imaging and radiotherapy applications. Most importantly, the modeled surface information allows a more accurate patient-specific respiratory motion modeling relative to the use of a single external surface ROI or 1D motion information derived using a pressure belt. The 1.5 mm mean accuracy achieved for the patient-specific motion modeling using the entire surface information may be potentially improved by only considering these parts of the surface which better allow external patient surface and internal anatomical structure correlation (Fayad et al 2011) . Within this context, the approach previously proposed by Gianoli et al (2011) for the combination of different respiratory signals obtained on the patient surface for 4D-CT binning may be adapted for this purpose.
However, one has to note that in this work we constrained the evaluation of this technology at respiratory motion characterization with achievable sampling rates of 10 Hz. Within this context, we were able to demonstrate errors of <1 and <2 mm in accuracy for absolute motion recovery along the camera's z-axis and in the orthogonal directions, respectively. This accuracy should be sufficient for patient motion management in real time for both imaging and radiotherapy applications. However, continuous patient monitoring during radiotherapy treatment for the detection of non-periodic motion may require higher sampling rates as previously mentioned by Price et al who achieved 23 Hz for the entire patient surface. The ultimate challenge will be to combine such sufficiently high rates of entire patient surface capture with a motion modeling approach which does not compromise the real-time aspect delivering absolute motion information. We believe that this may be possible with the B-spline modeling approach implemented on GPU technology and combined with high rate surface capturing devices. Although from a hardware point of view, the camera ToF technology may be capable of achieving such high rate surface monitoring, as described for fast structured light technology by Price et al, this has not been tested and evaluated in this work.
In terms of perspectives, the good reproducibility could allow the use of this technology for applications such as patient repositioning in dose fractionation during radiotherapy treatment. The additional information available in terms of monitoring in a real-time fashion the motion of the entire patient surface due to respiration may allow improving both intra-and inter-patient motion modeling. The use of the entire or partial surface instead of a limited area for 1D respiratory signal devices may also be an interesting solution to solve breathing irregularities in 4D-CT reconstruction. The ToF camera technology and associated proposed modeling methodology have the potential to be used in numerous other biomedical applications, including for example head motion monitoring in emission tomography brain studies, imaging of freely moving laboratory animals, or in real-time computer-assisted surgery and/or intraoperative treatment planning.
Different ways to potentially further improve results could be explored, especially concerning two main aspects, namely the quantitative impact of the raw data processing provided by the camera as well as post-processing algorithms. Finally, one of the potential sources of measurement reproducibility errors is the influence of environmental parameters such as background illumination (Kolb et al 2010) or the additional light reflected from the 4D-CT gantry. One potential solution to minimize the requirement would be the use of a zoom capable ToF camera technology.
Conclusions
Time-of-flight camera technology allows a contact-less whole surface monitoring with acquisition frame rates compatible with the typical patient respiratory cycle. However, the raw surface measurements are associated with significant errors in motion estimation, incompatible with applications in clinical practice. Experiments carried out in this work showed that replacing measured points along these surfaces with spatially filtered control points modeled by B-splines significantly increased the accuracy of surface motion estimation in a robust, reproducible and real-time fashion, which allowed producing promising preliminary results in a feasibility study on patients. ToF cameras may therefore constitute a real alternative for contact-less patient surface monitoring that can be used either in respiratory motion synchronization or modeling for imaging and/or radiotherapy applications. Future work will focus on demonstrating the advantages of using such technology relative to other systems within different clinical settings (motion management in imaging, motion management and patient repositioning in radiotherapy treatment planning).
